In the global move toward urbanization, making sure the people remaining in rural areas are not left behind in terms of development and policy considerations is a priority for governments worldwide. However, it is increasingly challenging to track important statistics concerning this sparse, geographically dispersed population, resulting in a lack of reliable, up-to-date data. In this study, we examine the usefulness of the Facebook Advertising platform, which offers a digital "census" of over two billions of its users, in measuring potential rural-urban inequalities. We focus on Italy, a country where about 30% of the population lives in rural areas. First, we show that the population statistics that Facebook produces suffer from instability across time and incomplete coverage of sparsely populated municipalities. To overcome such limitation, we propose an alternative methodology for estimating Facebook Ads audiences that nearly triples the coverage of the rural municipalities from 19% to 55% and makes feasible fine-grained sub-population analysis. Using official national census data, we evaluate our approach and confirm known significant urban-rural divides in terms of educational attainment and income. Extending the analysis to Facebook-specific user "interests" and behaviors, we provide further insights on the divide, for instance, finding that rural areas show a higher interest in gambling. Notably, we find that the most predictive features of income in rural areas differ from those for urban centres, suggesting researchers need to consider a broader range of attributes when examining rural wellbeing. The findings of this study illustrate the necessity of improving existing tools and methodologies to include under-represented populations in digital demographic studies -the failure to do so could result in misleading observations, conclusions, and most importantly, policies.
INTRODUCTION
In a rapidly urbanizing world, living in a rural community may present disadvantages from potentially residing far from a healthy food source (a "food desert") [27] , to lower wages [54] , to poorer health outcomes [28] . Disadvantages continue when considering the study and measurement of these populations to motivate appropriate policies. Demographers have long acknowledged the instability of measures concerning rural populations due to sparsity [32] , often methodologically mitigated by substituting statistics from larger areas with similar population characteristics, making trends observed in specific rural areas, in fact, synthetic [33] .
A possible solution may lie in a wealth of new digital data sources that has prompted a rise in recent research under the umbrella of "Digital Demography" [2] . The digitization of censuses [50] , digital traces from online social networks [25] , crowd-sourced data from participatory platforms [38] , and internet-enabled devices [41] present new exciting opportunities for demographers by providing several advantages with respect to traditional sources [23] . Digital traces are generally accessible in high volume, often carry geographic information, and can be collected in real-time, allowing for the study of populations and their behaviors with unprecedented temporal and spatial granularity.
One such resource becoming popular in demography studies is Facebook's Advertising platform [2] , which provides advertisers with an estimate of a potential advertisement's reach, given the location, demographic, or behavioral constraints of the target arXiv:2002.11645v1 [cs.CY] 26 Feb 2020 audience 1 . Thus providing a digital "census" of its estimated 2.23 billion monthly active user base, this resource has prompted studies in tracking health conditions [31, 39] , migration [49, 57] , crime [20] , and gender inequality [19, 21, 29] . These studies illustrate the benefits of using massive social media platforms for the examination of, especially, difficult-to-reach populations such as women in India [29] , or difficult-to-count ones such as migrants in Spain [49] . Furthermore, the ability to track user "interests" beyond standard demographics, such as dietary habits, entertainment preferences, and technology use can extend the observations well beyond the standard demographic indicators [31] . Thus, the application of this data to rural populations promises both a higher granularity and a richer palette of potential variables. Nevertheless, given the nature of the service, its internal construction is a "black box", and a slew of biases, including Facebook user base self-selection, the algorithmic bias in extracting user attributes, and advertisement revenue incentives, must be taken into account by researchers [13] .
In this study, we examine Facebook Advertising as a resource for measuring the rural-urban divide in Italy, a country in which 30% of its population is living in rural areas (76% of total landmass) 2 . In particular, we address three major research questions: RQ1: How reliable are Facebook Advertising audience estimates across time and population density, especially considering rural or sparsely populated areas? RQ2: How well do these estimates correspond to the official demographic figures? RQ3: How can we enrich the current measurement of the urbanrural divide using Facebook Advertising?
We contribute to the current state of the art in four ways. First, we provide a systematic stability and spatial coverage analysis of the Facebook Advertising audience estimates for a wide set of user interests and behaviors, evidencing how both introduce particular disadvantages for rural municipalities. Second, we propose an alternative use of the platform to overcome limitations of sparsely populated areas posed by the platform itself due to its rate limits. Our methodology drastically improves coverage, especially of the rural municipalities, nearly tripling their coverage and making possible sub-dividing these populations for further analysis. Third, evaluating our method on official national census data, we quantify urban-rural inequalities, regarding both standard demographic attributes such as socio-economic indicators, as well as novel behavioural estimates available through the Facebook platform. We confirm a significant urban-rural divide, with Facebook users in urban areas having higher educational attainment and using higher-end cellphones (a proxy for income), while those in rural areas showing higher interest in gambling and Catholic church, doing more commuting, and using 3G or 4G networks instead of WiFi (pointing to a difference in internet access). Finally, we model per capita income in rural, suburban, and urban areas using the Facebook indicators, and show that the variables most predictive of income in rural areas (commuting, use of 4G network) are different from those in urban areas (marital status, educational attainment, interest in fitness and wellness, etc.).
Insights provided in this study are applicable to any re-purposing of digital resources for demographic research, pointing to the necessity of a cautious examination of any platform's coverage and stability before using information it provides. However, we also show that careful use of the platform's flexible querying process extends the usability of the data and allows for rich modeling of rural-urban inequality, augmenting analysis with Facebook users' many behavioral attributes.
RELATED WORK
Assessing global trends in the urban-rural divide is an essential topic of research in economics and demography, as almost everywhere in the world living standards of urban areas remain superior to those in rural areas [43] . Such divide can be observed across several different socioeconomic dimensions, ranging from per capita income to child mortality rates, persisting even as countries develop into industrialized economies, as demonstrated by the cases of China and India [44, 47] . Historical trends in development, which tend to benefit those in already privileged positions, have resulted in, for example, technological disparities in terms of internet access and technological literacy -trends which ongoing rural development policies attempt to address [17, 36] . Even in OECD countries, persistent disparities between large metropolitan centres and rural areas are being recorded every year, as migration patterns intersect with other population attributes [35] . According to a report of the World Bank, the urban-rural disparities increase quickly in early development until countries reach upper-middle-income levels [40] . Then, as countries grow, the gap becomes smaller, but convergence is usually slower.
From a theoretical point of view, recent studies have investigated the structural advantage of cities in a wide range of output indicators, from patent production to personal income, through the robust framework of scaling [8, 16] . In particular, superlinear scaling of cities' growth has been explained as a consequence of increased social interactions with population density [7] and by the process of selective migration of highly productive individuals into larger cities [26, 54] . Understanding the mechanisms underlying the urban-rural divide remains an essential issue for policymaking, especially to make progress towards the "Leaving no one behind" pledge of the United Nations 2030 Agenda 3 .
Leveraging on the immense amount of digital data produced daily, the field of Digital Demography emerged, addressing vital research questions of demographic research via innovative data sources. These new sources of data are demonstrated to be particularly powerful in monitoring a series of demographic phenomena such as birthrates [5] , mortality [4] , unemployment [10] , daily commuting [6] , international and internal migration [55] , but also modelling more complex socio-demographic issues such as psychological well-being and attitudes towards health [24, 30] . Digital data are particularly useful in cases where official data are sparse, incomplete, or even impossible to obtain. For instance, Adler et al. [1] assessed the issue of suicide underreporting via query data, focusing on the Indian context, where social stigma and the only recent decriminalization of suicides, hampered the official agencies' data collection. Interestingly, digital sources can be used to investigate social inequalities. In particular, social media data are proven to be useful in studying gender differences in access to technology [21, 29] and parenting biases favouring male children mentions on social media [48] .
Among all online social networks, Facebook is the most popular one. In June 2018 4 , Facebook reported 1.47 billion daily active users (DAUs) and 2.23 billion monthly active users (MAUs), with an increase of 11% year-over-year. On average, three out of ten people used Facebook in 2018, and this estimate, considering the current trend, is destined to grow.
Researchers have taken note of Facebook's massive user base, and, for instance, used it in the health domain for the recruitment of people affected by not-so-common conditions [14] , or a particular health behaviour [12] . With the passing of the European General Data Protection Regulation (GDPR) more restrictions have been put on the processing and exploitation of personal data of individual users [11] , such as political orientation, religious beliefs, ethnic origin, etc., due to the apparent privacy risks that may be derived from a malicious use of such type of information.
Yet, collecting individual user data is not necessary for the demographic study of populations. Instead, demographers recently began to use Facebook Advertising platform to gather statistics on select populations by querying for the number of users who an advertisement could reach. In this fashion, it is possible to communicate a count of users matching specific socio-demographic characteristics at various geographic scales without revealing personal information of individual users.
Seminal works using this approach focused on the health domain [31, 39] . For example, Araújo et al. [3] extracted data in 47 countries to track health conditions associated with lifestyle diseases. They showed that, within each country, Facebook data could provide insights into different trends of health awareness across demographic groups. Zagheni et al. [57] proposed the use of Facebook Advertising data to monitor stocks of migrants inside the US with promising results, paving the way for similar studies in the European context [38, 49] , but also more in depth studies on the assimilation of migrants in society [18] .
Only recently, Facebook Advertising data were considered to examine social inequalities, and in particular gender inequalities in Internet access both at national [19, 21] and sub-national levels [29] . In this direction, a study by Gil-Clavel and Zagheni [22] extended the analysis of the gender gap in Facebook adoption by adding the dimension of age.
All these works provided evidence that Facebook Ads data can indeed be used as a source of information for the study of digital disparities. However, little effort was made to understand the stability and representativity of such data across the several attributes available through the platform. As several studies pointed out, big observational data are not always representative of larger populations in the way that randomized surveys are [37, 51, 53, 56] . Coverage can also be an issue, as access to the internet is more restricted in low and middle-income countries, which can lead even to risks of re-identification [11, 15, 45] .
This study contributes to the Digital Demography literature providing a thorough examination of the stability and coverage of Facebook Advertising data. We particularly focus on behavioral signals related to social inequalities, especially those that may be more difficult to track officially, such as interests and hobbies.
DATA COLLECTION & METHODS 3.1 Census data
Italy is divided into 20 regions, which are subdivided into provinces, and then further into municipalities, or comuni, which are the smallest administrative units. In order to differentiate between the urbanization within Italy, we consider the scale of municipalities, of which there were 7,978 as of February 20, 2019. Note that this number fluctuates, with municipalities merging, breaking up, and being redefined over time.
The Italian national institute of statistics (Istat 5 ) adopts the definition of urbanization from Eurostat, the statistical office of the European Union, and separates municipalities into three categories: cities, towns and suburbs, and rural areas 6 . The assignment of these categories is based on population density, as measured using 1 km 2 grid. In Italy, there are 270 urban, 2,303 suburban, and 5,405 rural municipalities, having an average population of 74.9K, 11.2K, and 2.7K, respectively (See Figure 1) .
In order to work with the municipalities via Facebook Marketing API, we first request their IDs by specifying municipality name, region, and state and, in case more than one match is returned, use string matching to choose that with closest name. Out of the 7,978 Italian municipalities, we are able to match 6,891, excluding 24 (8.9%) urban, 282 (12.2%) suburban, 781 (14.4%) rural municipalities. Note that matching of urban ones is easier, showing for a bias to densely populated areas even at this stage of data collection.
For all Italian municipalities, we download the demographic and socio-economic indicators from Istat. Unlike aggregate indicator values for larger geographic regions, only few are available at the fine-grained level of municipalities. Thus, we are able to collect data on the overall population (overall and split by gender), education (high school attainment and college attainment, from last census in 2011), income (net income per capita, 2018), and migration (Italian residents who are not Italian citizens, 2018).
Facebook Marketing API
Facebook Advertising audience estimates are available via Facebook Marketing API, which we access using a Python package 7 . For all queries, we request a count of "People who live there" (technically, setting location_type parameter to home), as we are interested in the population living in the municipality of interest, not those working there or passing through as tourists. The API also allows the querying of users using other services owned by Facebook, including Instagram, Messenger, and "Audience network". However, we choose to constrain the query to Facebook users, for simplicity of interpretation of results. Furthermore, several advertising campaign types are available, focusing on either "brand awareness" or "reach". As we are interested in the most complete count of the users on the platform, we choose the "reach" option, which targets the "maximum number of people" 8 . Finally, in the reply to our query, we save the Monthly Active Users (MAU) (a Daily Active Users count is also available, but we do not use it, as it is less stable over time). Once we compose the queries combining the options above with various combinations of targeting options (described below), we query the Facebook Marketing API via Python, with a delay of 8 seconds empirically determined to avoid passing the rate limits.
Targeting
We build on previous literature to choose attributes for comparison of urban and rural municipalities, as well as Facebook-specific ones dealing with user interests (as inferred from user profile and activity) and technological aspects of user interactions, such as what kind of phone and connection they use to access it. We list the attributes below:
• as marital status and education). Others are determined automatically from the metadata associated with the connection, such as which cell network or phone is being used, which may be more reliable. The resulting query consists of 6,891 municipalities, each queried once to estimate the total population, plus 22 times for populations with the above attributes. Note that by restricting our focus to these sub-populations, the problem of coverage becomes even more dire. In the next section we discuss our approach to solving it. An online interactive map showing the Facebook population estimates for each of the above attributes can be found at http://www.datainterfaces.org/projects/facebookMap/.
Exclusion Query
If the combination of targeting options for the query is too specific, the resulting MAU estimate may be limited to a lower threshold of 1,000 users. Given the FB variables that we chose, the standard querying process excludes 95% rural, 67% suburban and 38% urban municipalities from the dataset.
To overcome this limitation, we propose an "exclusion" query, wherein in order to get an attribute-constrained population estimate of a small municipality S, it is first queried with another, larger, "reference" municipality R resulting in a combined query S+R. The difference between the combined query and the known reference municipality population ((S+R)-R) provides us an estimate for the small municipality S with a possible range of down to 100. This lower range is possible due to the finer resolution of results, which is not in 1,000s, but in the 100s.
Below we summarize the steps taken to query the Facebook API for municipality estimates matching a set of attributes:
(1) Query Facebook API for all municipalities using the standard query. (2) Choose 5 reference municipalities with MAUs in the range between 2,000 and 10,000 (3) For each of the municipalities that previously hit the 1,000 threshold, we run combined queries 5 times, each one with a reference municipality (4) Compute the difference of combined query (only if it did not also hit 1,000 threshold) and the reference municipality alone, and take the average across all the valid (non-negative, nonzero) responses: resulting in the "exclusion query" estimate.
Thus, for each collection, some queries may result in valid responses using the standard query, while others will need an exclusion query, and even these may not result in a valid estimate. However, with this approach we aim to improve the coverage of sparsely populated municipalities as well as the resolution of the estimates.
In order to assess the accuracy of the exclusion query estimates with respect to the standard ones, we select 20 municipalities for each Facebook variable and degree of urbanization for which standard estimates are known and we compared them with the same estimates extracted using the exclusion query approach. For such municipalities, the mean Pearson's correlation coefficient across all Facebook variables between the two types of estimates is 0.99, showing that exclusion query closely tracks the results of the standard one. 
COVERAGE / STABILITY TRADE-OFF
After we select the municipalities of interest and the population attributes we want to acquire from Facebook Advertising, we perform a data quality study. As a black box, we ask, how much does the advertisement audience estimates vary across time and populations? Upon initial experimentation, we find the estimates change within a week of original query. Thus, we perform 5 data collections every two weeks in the time span between April 7th, 2019 and June 2nd 2019, and examine the variability of the results.
Spatial coverage
First, we measure the spatial coverage for each Facebook attribute as the proportion of municipalities for which Facebook provides a valid estimate. We start by considering the standard query estimates, which are limited to a minimum threshold of 1,000 users.
In this case, we consider a municipality having a valid estimate if, considering a Facebook variable, it receives at least one response above the threshold over 5 runs of the same query. Figure 2 (top) shows the percentage of municipalities covered by the standard query by degree of urbanization for each Facebook variable considered. The variable Users refers to the total number of Facebook users living in a municipality (without any constraints applied). Focusing on this variable, we observe that 81%, 64%, and 19% of urban, suburban, and rural municipalities respectively are covered, showing that rural municipalities are indeed hard to reach. For example, in Figure 3 the map on the left shows the coverage of the standard query when querying municipality population without any attribute constraints. If we restrict the analysis to subgroups of Facebook users matching certain constraints, this disparity grows even more. While the coverage of urban municipalities is in the range between 40% and 80% for almost any variable, in the case of rural municipalities it is always below 15%.
In the case of the exclusion query, the estimates now have a possible range down to 100 users. Therefore, to calculate the spatial coverage, we consider a municipality having a valid estimate if, given a Facebook variable, it receives at least one response of 100 or more, over 5 runs of the same query. Figure 2 (bottom) illustrates the substantial improvement in the coverage for every Facebook variable selected, and 3 (right) shows the geographical coverage in the case of the generic query, suggesting that this approach can effectively be used to reach even sparsely populated municipalities.
Note that, in calculating the coverage, we considered all estimates greater or equal to 100 users as valid. Nevertheless, we may choose different cut-offs, e.g. 200, 300, 400, etc., with the corresponding change in the coverage. To understand which threshold is most suitable, we perform a stability analysis of the results in the following section.
Stability of query results
To assess the stability of the estimates, we examine the values of the same variables collected five times, each two weeks apart. First, considering a threshold of 100 users, we calculate the coverage for each collection as the percentage of all municipalities which pass the threshold. The result is shown in Figure 4 . While the spatial coverage is somewhat stable and close to 100% for suburban and urban municipalities, it shows large fluctuations in the case of rural municipalities. For instance, variable Lives abroad ranges from almost full coverage on third day to almost no coverage for rural municipalities on the fifth.
However, a threshold of 100 is the most optimistic, and we may want to consider stricter ones to improve the quality of the estimate. We check the impact of the threshold on coverage by selecting twelve thresholds from 100 to 1,200 users with a resolution of 100 users. Figure 5 shows the coverage decreases smoothly for urban and suburban municipalities as the threshold increases. For rural (and sometimes more populated) municipalities, we observe a drop between 100 and 200 users, while after 200 users the coverage decreases smoothly, indicating the threshold of 100 may be artificially high.
Finally, we check the variability of the estimates at different thresholds. To do this, for each Facebook variable, we compute the proportion of sub-population P with specific characteristic c users who live in municipality m and also match the characteristic c. Given the variability of estimates across days, F B m [c] is calculated as the median across all the valid estimates over five runs of the same query. Now, we calculate the variance of the distribution of this index for the three degrees of urbanization, which is shown in Figure 6 (colors of the 22 attributes omitted for clarity). We observe that the variance rapidly decreases in the range from 100 to 200 users, while after the latter it remains stable for most of the Facebook variables. Combined with our earlier observation of coverage drastically falling from 100 to 200 users, we choose the threshold of 200 for the following experiments in order to achieve the best coverage while ensuring the stability of the estimate. With this threshold, we are able to cover 55% rural, 84% suburban, and 90% urban municipalities, nearly tripling the coverage of the rural ones. The improvement is even more drastic for specialized queries: the average coverage of 4%, 29%, and 57% for rural, suburban, and urban municipalities now becomes 31%, 67%, and 81% with the use of exclusion query. 
DATA QUALITY ASSESSMENT 5.1 Relating to Government Statistics
As described in Section 3.1, some demographic and socio-economic indicators are available at the municipality level. To understand how well Facebook Advertising audience estimates track the figures gathered by the Italian Government (Istat), we correlate the Facebook variables most closely related to each of the Istat demographic variable in this section. First set of plots in Figure 7 shows the relationship between municipality size, as estimated using Facebook (x axis), and the population given by Istat (y axis), shown separately for rural, suburban, and urban municipalities. Note the different scale, as populations in the three plots differ. Despite high Pearson correlations of 0.93, 0.89, 0.99 for rural, suburban, and urban, respectively, we find that Facebook under-counts people in smaller municipalities, with almost all data points above the diagonal. The estimates become more accurate for the highly populated municipalities, which appear on the diagonal. The under-counting, in fact, affects the rural municipalities at a higher rate, with Facebook estimates being 71% off on average, compared to 55% for urban municipalities. Note that the figure distinguishes between data points acquired using standard query (in dark marks) and extended (in light marks), illustrating the drastically improved coverage of rural municipalities from 19% to 55% (with the same correlation).
Considering the gender, the raw numbers are again highly correlated to the Istat population (graphs omitted for brevity, but they look much like population ones). Instead, we examine the gender ratios within each municipality. Figure 7b shows the comparison between the gender ratio estimated by Facebook (female/male), to that estimated by Istat, with dashed lines showing parity (50% females and 50% males). Despite actual Istat statistics showing a trend toward municipalities with more women then men, we observe that Facebook tends to overcount males, and especially so in rural communities.
Encouraged by the substantial correlation of population statistics, we examine a more challenging case of monitoring particular characteristics, measured as a proportion of population. For instance, Figure 7c shows the proportion of Facebook users who have attained a college degree, compared to the Istat estimate of the same statistic. The Pearson correlation between the rural, suburban, and urban areas are 0.36, 0.46, 0.61, respectively. Checking the outliers in the upper right of rural plot, we find Urbino and Camerino, municipalities containing universities which have a high proportion of educated residents which may be more captured by Facebook and less by formal residency requirements of Istat. Figure 7d shows the proportion of Facebook users marked as "Living abroad", compared to the Istat estimates of "foreigners" residing in each municipality.
We find substantial correlations of 0.72, 0.72, and 0.82 for rural, suburban, and urban, respectively. Similarly, checking outliers in the three graphs, we find that in some cases Facebook drastically over-counts the number of those "living abroad", and upon manual inspection a month later we find the numbers to come down, indicating a high variability either due to actual measurement of human mobility, or internal platform changes. Finally, Figure 7e shows two proxies of wealth -proportion of Facebook users who use iOS or Android devices -compared to Istat estimates of income per capita. We find a clear signal that the use of iOS is positively related with income (correlations of 0.57, 0.62, 0.78) and use of Android is negatively related (-0.73, -0.77, -0.86 for rural, suburban, and urban).
Note that, unlike the gender, educational attainment, and migration, the last two attributes of the phone's operating system are detected directly and unobtrusively, instead of inferred from self-reported data. Thus, it may not be suffering from as much measurement error as the others, and thus provide a clearer signal.
Measuring Inequality via Facebook
Next, we use Facebook signals to measure potential inequalities between the urban and rural communities in Italy -those that can be also tracked via Istat, and those that may be more difficult to track officially, such as interests, hobbies, travel habits, etc.
For this experiment, we exclude suburban municipalities for clarity, and leave for future work a more continuous analysis. For each Facebook attribute, we consider a geographically-cohesive comparison wherein in each province (there are 107 provinces in Italy, but only 71 have both rural and urban areas to compare) we subtract the median attribute value of its rural from median of its urban municipalities. We then plot the distribution of these differences in Figure 8 , in which the differences at the significance level of p < 0.05 (chosen with the small number of data points in mind) are in dark grey, and the means of distributions are indicated by the blue triangle. Note that the significance level is affected both by the magnitude of the difference, as well as the number of provinces that have enough coverage to capture both urban and rural areas of each province, thus ranging in coverage from 27 for technology early adopters to the maximum of 68, on average 61 provinces per attribute. The coverage is still markedly better than if the data was used without the exclusion queries, with an average of 36, almost half as many, provinces having enough data for analysis.
The most drastic inequalities, we find, are those associated with education (there are fewer college graduates in rural areas), and income (with fewer iOS and more Android usage in rural areas). These findings confirm the official Istat numbers, which show significant differences in education and income. In a directly comparable case, Istat shows a mean difference of 7.2%, while the difference in College graduation Facebook attribute is 5.0% (both significant at p < 0.001). Interestingly, the Facebook data does not show a significant difference between people "Living abroad", whereas Istat numbers show a slight difference at 4.0%, which may be either due to Facebook usage bias or the possible ability of the platform capturing different populations, as we discuss in Discussion section.
When we examine the Facebook attributes which cannot be directly confirmed by the Istat municipality-level data, we find that in urban areas, the Facebook users tend to be more interested in fitness & wellness, be frequent international travelers, and be single. In the rural areas, they tend to be interested in cooking and restaurants, to commute (be frequent travelers), to be married, be Catholic, and use 4G or 3G networks instead of Wifi (a sign of necessity for the latest efforts by Italy to extend its broadband network 9 . Thus, Facebook allows us to peer into inequalities which are not captured by the governmental agencies, for instance those of relationship status, interests, and daily technology use -all of which could be used to examine the well-being of the population holistically, in addition to the standard demographics.
Modeling Inequality
In the previous section we find several Facebook indicators showing inequalities between rural and urban communities, many of which are related to the socio-economic state of its residents. We ask whether the combination of these signals may be useful in modeling the financial well-being, as measured by income per capita. Not only would such a model provide an alternative, up-to-date estimate of financial well-being, it would also provide an explanatory power to gauge the possible factors associated with income inequality. We begin by building three baseline models using the municipalitylevel variables made available by Istat, one for each kind of municipality (rural, suburban, and urban). Table 1 shows the coefficients and their significance levels for the three models, as well as the number of municipalities used in the dataset (n), coverage of all possible municipalities (f), and the Adjusted R 2 (which corrects for the number of attributes in the model). The best performance is attained for the Urban municipalities at R 2 =0.660, despite the smaller dataset size. The relatively poor performance of the models in rural and suburban areas (R 2 =0.231 and R 2 =0.281, respectively) may signify that more information is needed to differentiate between high and low income areas. Note that the performance of these small models is limited by the data available on Istat website, and may be drastically better if other variables are added. The aim of this exercise is to convey the difference in difficulty of the task between the kinds of population densities. We follow a similar setup for modeling Istat income variable using the Facebook attributes. The first three models of Table 2 show the performance of linear regressions modeling the income (as measured by Istat) in rural, suburban, and urban municipalities, using all available attributes. The models achieve a more uniform performance with R 2 =0.772, R 2 =0.798, and R 2 =0.856, respectively, with similar intercepts as the Istat models. The coefficients for the attributes which are similar to those in Istat model now reverse their sign in some cases, and lose their significance. For example, in the rural areas the model favors the information about frequent travelers, marital status, and the access to cellphone networks. In the urban areas, instead, information about college attainment, use of iOS, and interest in fitness & wellness are more significant. Unfortunately, the increase in performance comes at a cost of coverage: only 2% of rural and 21% of suburban municipalities contain complete values for all features. The number of complete records is also not sufficient to perform missing value imputation, as our additional experiments reveal.
In order to improve coverage, we examine the trade-off between including features and the number of municipalities which can be used in the model. Figure 9 shows the Adjusted R 2 performance (red line) as the number of features in the model increases (ordered by magnitude of the coefficients in the complete model), and the coverage in dashed blue line. A baseline of Istat model performance is shown as the horizontal. We observe that for rural and suburban municipalities, there comes a point when the coverage falls precipitously, with rural areas falling within the first three features. Gauging this trade-off, we select a cutoff where a reasonable performance can be achieved without discarding most of the data (shown by vertical lines). In this study we do not propose a particular metric for selecting such a cutoff, and defer the selection of such a metric to the experts in the particular issue and population being studied (where either coverage or precision may be more important). The best trade-off models are shown in the right-most three columns of Table 2 . The slight loss in performance is accompanied by substantial gains in coverage: from 2% to 46% for rural, from 21% to 67% in suburban, and from 53% to 78% in urban municipalities. In the case of urban model, the drop in performance is negligible (from R 2 =0.856 to R 2 =0.853). Also, while the rural model contains only two attributes, it shows substantial fitness to the data at R 2 =0.513. Note the difference in the attributes selected for each model, showing different characteristics may be important for different levels of urbanization.
Finally, if these models were computed on the data without using exclusion queries, there would not be enough coverage of rural municipalities to build one at all (n=11), and extremely poor coverage for suburban (n=70) and urban (n=86) municipalities.
We would caution the reader to seek a fully automated machinelearning style of optimization in this task, as the trade-off between coverage, performance, and complexity of the model (number of features) must be determined by experts in the case-by-case basis. Instead, we hope these experiments encourage the reader to consider sources of data alternative to the statistics gathered by governments.
DISCUSSION & CONCLUSIONS
In this work we explore an increasingly popular data source in the field of Digital Demography, the Facebook Advertising platform, which, in addition to cost-effective population estimates, provides rich behavioral data at an unprecedented scale and granularity. We find that, much like the standard demographic research, it takes more effort to obtain reliable statistics for the rural populations. Nonetheless, the rich behavioral and technical insights Facebook is able to collect on its users have a potential to extend the study of wellbeing of populations. For instance, health-related behaviors such as having interests in cooking at home or exercise may help in contextualizing the ongoing obesity and diabetes epidemics, much of which has been recently attributed to the rural communities [9] . Further, we find the variables connected to the use of technology, and especially of mobile devices, a strong proxy to financial wellbeing of the population. In the case of internet access, the fact that the rural residents are more likely to connect to Facebook via mobile data network instead of WiFi (land-based internet connection) may point to a persisting digital infrastructure divide between the rural and urban areas [34] . In aggregate, an expanded view of population's behaviors, interests, and demographics would be useful in creating compound measures of wellbeing (such as in 10 ).
However, our analyses uncover serious instability and coverage issues in the signal Facebook Advertising provides, especially when it pertains to the rural communities. The volatile behavior of this data source should be a cautionary tale to any demographers using digital platforms as "black boxes" that have opaque implementation and unpredictable update schedules. The method we propose to improve the quality of data for smaller populations drastically increases the coverage of, for instance, the income model, raising the number of rural municipalities with complete records from 2% to 46%, allowing us to take advantage of the finer-grained attributes Facebook provides. Though we caution the reader not to focus on the particular numbers achieved here, as they depend also on the model construction and other methodological choices, all of which should be adjusted when working on other domains and variables of interest. Nonetheless, a choice must be made between the coverage and signal stability, the margins of which may be best determined by the knowledge of experts in the under-represented demographic group of interest. When choosing the parameters, robustness checks must ensure a "researcher degree of freedom" [52] does not lead to misleading observations and conclusions that could impact real-world policies.
Besides the coverage and stability issues, we also uncover several biases in the Facebook Advertising data. Even when we employ the "exclusion query" methodology, Facebook audience estimates consistently under-count populations in rural areas and over-count males (with the gender imbalance being more pronounced in the rural municipalities). Many sources of bias may be at play: (1) self-selection bias in the user base of Facebook, thought to be younger and more tech savvy (but which may be shifting toward older users 11 ), (2) measurement bias in the sensitivity of Facebook's user attribute extraction pipeline (for example, the gender statistic may be swayed Table 2 : Linear regression models, predicting income (in Euros) using standardized Facebook variables. For each model, number of municipalities (n), coverage of all municipalities (f), and Adjusted R 2 are shown. Confidence levels: p < 0.001 ***, p < 0.01 **, p < 0.05 *. by numerous fake accounts 12 ), and (3) financial incentives to inflate the number of users who may see an advertisement (being an important revenue stream, Facebook's advertising revenue exceeded $55 billion in 2018 13 ), among others already explored in literature on online data representativeness [37, 42, 46, 51] . Although it is not likely that Facebook will release details of its user attribute inference code, demographers may be able to adjust for the larger sample biases of Facebook user base, as recommended in [13] . Nevertheless, with the appropriate handling of certain biases of Facebook Advertising data, its benefits in terms of coverage and attribute diversity may contribute to the ongoing efforts in the theoretical understanding of the attribute variability within urbanization spectrum via the Urban Scaling Theory [7] . Our own preliminary experiments showed scaling trends of Facebook attributes in the range of those in the existing literature [8] . Expanding the application of this theoretical framework to cultural and wellbeing aspects of populations, as measured through Facebook, would be an exciting future research direction. 12 https://www.buzzfeednews.com/article/craigsilverman/facebook-fake-accountsafd 13 https://newsfeed.org/facebooks-revenue-exceeded-55-billion-in-2018/ Finally, despite the aggregate nature of this data, Facebook Advertising (and many similar platforms) pose several ethical and privacy issues. The methodology proposed in this study allows for the tracking of smaller demographic groups at a higher resolution, introducing risks especially for the more vulnerable populations and minorities, and hence should be applied with caution. It may be the case that Facebook needs to limit the exposure of user "interests" that may result in government censorship or prosecution, or targeting by other groups. Conversely, the platform may undercount people with impairments or disabilities who are not able to use the website and who may be under-represented in its user base. Thus, the ethics rules already established for sociological and demographic studies (such as those published by the American Sociological Association 14 ) must be applied to those using new data sources, such as to protect the subjects of the study.
